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This paper examines the effects of health-oriented food tax reforms on the distribution of tax payments,
food demand and health outcomes. We offer an illustration of how one can take into account the uncer-
tainty related to both demand estimation and health estimates and to produce conﬁdence intervals for
the overall health effects instead of only point estimates. Taxation of sugar could lead to a statistically
signiﬁcant reduction in both the incidence of type 2 diabetes and coronary heart disease. The health
effects appear to be most pronounced for low-income individuals, and the reforms may therefore reduce
health inequality. This effect undermines the traditional regressivity argument against the heavy taxation
of unhealthy food.
 2014 Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecom-
mons.org/licenses/by-nc-nd/4.0/).Introduction
Obesity is one of the most severe threats to public health in
developed countries.1 Since obesity is a major determinant of a
number of illnesses, including coronary heart disease (CHD) and,
especially, type 2 diabetes (T2D), governments have become increas-
ingly interested in the possibility of using tax policy to guide con-
sumers’ dietary choices.2
The traditional view in economics has been that taxation can
have a corrective role only if consumption causes negative exter-
nalities. However, recent literature on behavioural economics has
shown that consumers sometimes make sub-optimal decisions
even from the point of view of their own welfare. In particular, con-
sumers often behave myopically, and therefore consume too much
of goods with delayed negative effects – excess consumption of
unhealthy food and the resulting rise in obesity rates is an impor-
tant example of this type of behaviour (see e.g. O’Donoghue andRabin, 2006). Taxation can potentially be used to counteract this
tendency for over-consumption.3
The use of tax policy tools in inﬂuencing diet choices has
attracted a large amount of recent research.4 One part of the earlier
empirical literature on health-based differentiation in food taxation
has concentrated on estimating the impact of price changes on the
demand for certain food categories such as soft drinks (Fletcher
et al., 2010; Dharmasena and Capps, 2012; Gustavsen and
Rickertsen, 2011), different types of butter and margarine (Grifﬁth
et al., 2010), dairy products (Chouinard et al., 2007) or grain products
(Nordström and Thunström, 2009, 2011), often without a full-scale
assessment of the potential health impacts. Another strand of earlier
work has examined broader models of commodity demand (see e.g.
Irz, 2010; Allais et al., 2010; Smed et al., 2007), again without a full
analysis of the health issue. A few papers concentrate on detailed
analysis of the health effects, but this literature often uses existinga tax are
he other
lthy food
expendi-
ences of
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ticities (Mytton et al., 2007; Nnoaham et al., 2009).5
One exception is the paper by Tifﬁn and Arnoult (2011) that
offers both a full commodity demand analysis and also examines
the health effects of a fat tax. Finally, Jensen and Smed (2013) eval-
uates the outcomes of the Danish health-motivated fat tax.
In most of the existing literature, point estimates of health
impacts are combined with estimated demand changes to obtain
an estimate of the health effects of tax changes. Conﬁdence inter-
vals of these ﬁnal health effects have typically not been reported.6
A recent review by Eyles et al. (2012) concludes that taking proper
account of this uncertainty is a key feature missing from earlier lit-
erature. It is important to note that signiﬁcance in each stage of the
analysis is a necessary, but not a sufﬁcient condition for joint signif-
icance.7 That is, even if the demand response caused by price
changes, as well as the change in disease incidence caused by a
change in demand are both statistically signiﬁcant, the overall health
effect is not necessarily so. Briggs et al. (2013) and Finkelstein et al.
(2013) report the conﬁdence intervals for the impact on overweight
of taxes levied on sugar-sweetened drinks, but the uncertainty in
health outcomes (disease incidence) has not been addressed so far.
A general worry raised in previous literature is that food tax
reforms that involve price increases on unhealthy types of food and
subsidies for healthier food items would be heavily regressive (see
e.g. Allais et al., 2010). However, if low-income individuals havemore
elastic demand and/or higher levels of consumption of unhealthy
food and/or poorer health to start with, the beneﬁcial health effects
of the high taxation of unhealthy food would also be greatest for
them. The regressivity argument against the heavy taxation of
(unhealthy) food may therefore be overturned when not only the
monetary cost but also the beneﬁcial health effects of taxation are
taken into account (Kotakorpi, 2008). While Tifﬁn and Arnoult
(2011) do not examine the issue in detail, they also point out that a
possible widening of inequality in the income dimension may thus
be counteracted by narrower inequality in the health dimension.8
Nnoaham et al. (2009) study income group differences in the health
and economic impacts of targeted food taxes and subsidies, but ﬁnd
no clear pattern for the health effects across income groups. However,
they assume that price elasticities do not differ between income
groups, thus assuming away a key channel through which different
income groups may be differently affected by tax changes.
This paper provides an example of how to conduct a comprehen-
sive analysis of health-based tax policy, including both an estimation
of a complete food demand system and a simulation of the health
consequences of changes in the consumption of different kinds of
food, accounting for the uncertainty inherent in each step of the anal-
ysis. First,weuse household-level budget share data from the Finnish
Household Budget surveys (1995, 1998, 2001 and 2006) to estimate
demand elasticities for different categories of food, using a quadratic
extension of the almost ideal demand system (QAIDS) drawing on5 Powell and Chaloupka (2009) provide a review of articles studying the link
between food prices and obesity. Two of the studies reviewed, Miljkovic and Nganje
(2008) and Miljkovic et al. (2008) consider the effects of sugar prices.
6 Nnoaham et al. (2009) provide estimates for a ‘‘worst case’’ and ‘‘best case’’
scenario of outcomes associated with each tax reform that they consider. Cash et al.
(2005) analyse subsidies on fruit and vegetables and use Monte Carlo simulations to
obtain conﬁdence intervals for the associated health effects. They utilise own price
elasticities (obtained from earlier literature) and ignore cross-price effects. Eyles et al.
(2012) conclude that ignoring cross-price effects is another major shortcoming of
much of the earlier literature.
7 To see this consider a simpliﬁed case where joint effect is estimated as a product
of statistically independent and unbiased estimators, f^ a^, with estimators for their
variance. Using Varðf^ a^Þ ¼ Varðf^ ÞVarða^Þ þ ðEf^ Þ2Varða^Þ þ ðEa^Þ2Varðf^ Þ gives ‘‘t-values’’
1
t2
f^ a^
¼ Varðf^ a^Þ
ðEf^ Þ2 ðEa^Þ2
¼ 1
t2
f^
1
t2a^
þ 1
t2
f^
þ 1
t2a^
. Therefore, tf^ a^ > a)minft2f^ ; t
2
a^g > a.
8 See Gruber and Köszegi (2004) for an analysis of the incidence of sin taxes in the
context of cigarette taxation.Banks et al. (1997).9 Second, we use these elasticity estimates to assess
the effects of health-oriented tax reforms on the demand of different
food categories. We consider two types of tax reforms: (i) an excise
tax on sugar that leads to a price increase for all foods containing
(added) sugar; and (ii) a reduction in the VAT rates for fresh ﬁsh, fruit
and vegetables. Third, we combine detailed data on the nutrient con-
tent of different foods and the Health 2000 Survey (Aromaa and
Koskinen, 2004; Männistö et al., 2008), which represents the food
intake in the Finnish population, to calculate the corresponding
changes in the intake of nutrients and energy. Fourth, the implied
changes in the incidence of obesity and overweight and the most
important overweight-related diseases (CHD and T2D) are then calcu-
lated using the results of meta-analyses reported in the literature. We
also brieﬂy discuss the possible cost savings for the public health sys-
tem from tax policy changes.
This study contributes to the literature in three main ways.
First, we report conﬁdence intervals of the health effects of food
tax reforms, fully taking into account the sources of uncertainty
in the four steps of the analysis described in the previous para-
graph. In contrast to the earlier approaches used in the literature,
we apply a bootstrap procedure that allows for externally esti-
mated parameters. This is particularly useful for datasets that
researchers often use in this context as it allows for separate esti-
mation of the parameters involved in the different steps of the
analysis. The parameters can be estimated using available data as
we do for commodity demand, the population distributions of
the body mass index, and food intake in the Finnish population.
Some of the parameter estimates and their estimated variances
can on the other hand be obtained from earlier literature and used
in the analysis as externally estimated parameters, as we do in the
case of the risk of contracting CHD or T2D.
Our second contribution is in analysing a general sugar tax, the
impacts ofwhich have received less attention in the earlierwork than
for example fat taxes or more narrowly targeted taxes on sugar-
sweetened beverages. Our paper provides a comprehensive analysis
of the health effects of an excise tax on sugar, combining demand
estimation with a simulation of the health effects of tax reform.
Third, we pay particular attention to the way in which the
effects of food taxation are distributed between population groups
by examining both the monetary incidence of taxation as well as
potential heterogeneity in health outcomes. In analysing differ-
ences in health outcomes across income groups, we take into
account both heterogeneous responses to tax policy, as well as dif-
ferences in prior eating habits and health status (body weight)
across income groups.10
The paper proceeds by ﬁrst discussing, in Section ‘Demand system
estimation’, commodity demand estimation methods and the corre-
sponding results. Section ‘The tax reforms’ introduces the tax reforms
that we consider. Section ‘Calculating the health effects of the tax
reforms’ describes the methods for assessing the health impacts
and their conﬁdence intervals. Section ‘Conclusion’ concludes.Demand system estimation
Data and descriptive analysis
To estimate the food demand system, we use repeated cross
sections of the Household Budget Survey of Statistics Finland from9 Irz (2010) also examines food demand using Finnish data. His main point is
methodological: he uses macro-level data and explicitly models the link between
composite demand and physical quantities, which leads to a novel way to estimate
nutrient elasticities. He also simulates the effects of tax changes, and we discuss
below some of the differences in our results to his ﬁndings.
10 Gustavsen and Rickertsen (2011, 2013) use quantile regression analysis and allow
changes in demand to depend on the quantity of consumption.
Table 2.1
Share of certain foods from food expenditures by level of education. Source: Authors’
own calculations based on the Finnish household budget survey, 2006.
Educationa Fish
(%)
Fruit and veg
(%)
Sugar and
sweets (%)
Butter and
margarine (%)
1 = lowest 3.7 15.9 8.0 2.6
2 4.4 17.0 8.0 2.2
3 4.8 17.4 7.3 1.8
4 = highest 5.2 19.4 7.5 1.7
a 1 = Both spouses have basic or secondary education; 2 = at least one spouse has
tertiary education; 3 = one spouse has higher education; 4 = both spouses have
higher education. (Households with only one adult have been excluded.)
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somewhat from year to year, with approximately 4000–5000
households in each wave. The number of households in our ﬁnal
estimations is around 17,000. Consumption expenditure is classi-
ﬁed according to the national COICO-HBS classiﬁcation (around
900 headings) that has 12 main categories of consumption; we
concentrate on food expenditure (category 1). The latest wave of
the data also contains quantities of food items consumed. Food
consumption can be measured at household level in the data (com-
prising both adults’ and children’s consumption).
The consumption data are combined with independent price
information from consumer price index data, collected by Statistics
Finland. The list of available prices closely matches the food cate-
gories in the Household Budget Survey data set. The prices are
measured monthly, and as we have information on the date of
the budget survey for the households in the data, we can match
households with month-speciﬁc price data. The price variation
used to estimate commodity demand stems therefore from time
variation in prices and the fact that different households were sur-
veyed at different times.11
We ﬁrst present some descriptive statistics of food demand.
Table 2.1 shows how consumption of some food categories
depends on the educational background of the household. As
expected, there are large differences in eating habits so that the
expenditure shares of ﬁsh and fruit and vegetables are greatest
in highly-educated households, whereas households with a basic
educational level have a higher share of purchases of fat products
(cooking oils, butter and margarine). Engel curve analysis (not
reported but available upon request) reveals that the expenditure
share of ﬁsh as well as fruit and vegetables appears to increase
moderately with income, and the expenditure share of fat products
decreases with income.3 In fact, the quadratic extension due to Banks et al. (1997) adds a price-dependentP hRegression analysis
We follow Deaton (1985), Blundell et al. (1993) and Banks et al.
(1997) and estimate a quadratic extension of the almost ideal
demand system (QAIDS) for different categories of food and drinks
consumption. The food categories used in the estimation are bread
and cereals, meat products, ﬁsh, milk products, fats, fruit and vege-
tables, and sugar, sweets and sweet drinks.12 Together with the rest
of consumption (which covers all other consumption goods and to
which we have also allocated small food items such as coffee and
tea that do not contain energy), this forms a demand system of eight11 In the regressions, we do however control for the effects of seasonality on
demand. The variation that we utilise for estimating price elasticities therefore comes
from within season and yearly changes in the relative prices of different foods.
12 The contents of these categories are as follows: (i) bread and cereals (bread,
biscuits and bakery products, rice, pasta and potatoes); (ii) meat products; (iii) ﬁsh;
(iv) milk products and eggs; (v) fats (cooking oil, butter and margarine), (vi) fruit,
berries and vegetables; (vii) sugar, jam, honey, sweets and chocolate, ice cream and
sweet drinks.categories. Since we aim to estimate a complete demand system, the
food categories to be analysed need to be kept at a broad level.
The system is estimated using three-stage least squares. The
estimated equations are of the following type13:
whi ¼ ai þ Xhbi þ
X
j
cij ln p
h
j þ dimh þ /iðmhÞ
2 þ ehi ;
wherewhi refers to the budget share of food category i for household
h, which is explained by household-speciﬁc prices ðlnphi Þ, (log)
household real expenditure (mh) and its square. The model also
includes a set of control variables, Xh. The control variables include
the following indicator variables: the socioeconomic background of
the household (10 categories), the size of the household, the num-
ber of children of different ages, the area code (4 categories), the
sex of persons in single-person households, the mean age of the
adults in the household (5 categories) and the season of the year
(see Table 2.2 for a detailed listing of the content of the indicator
variables).
Expenditure is measured in real terms: the expenditure variable
used in the estimations is mh = lnMh/nh  ln a(p)h, where M
denotes the nominal outlays of the household, n refers to the num-
ber of modiﬁed OECD equivalent consumption units,14 and ln a(p)h
is a household-speciﬁc price index approximated with the Stone
index,
P
iw
h
i lnp
h
i . Table 2.2 presents some summary statistic of the
estimation sample for our chosen speciﬁcation.
As in e.g. Banks et al. (1997), we use household income and a
quadratic household income term as instruments for total expen-
diture and its square, to account for the possibility that total
expenditure may be endogenous. One of the beneﬁts of estimating
a full demand system is that one can impose the restrictions
implied by consumer optimisation on the estimates and obtain a
coherent set of cross-price elasticities. We therefore set the follow-
ing restrictions: adding-up (the sum of different types of expendi-
ture must equal the overall expenditure), zero-degree
homogeneity (multiplying all prices and total expenditure with a
constant does not affect the choice set and hence demand) and
symmetry (the elasticities of substitution are symmetric across
two goods).
The compensated price elasticities, ei;j, in this model are given
by ei;j ¼ 1þ wj þ ci;j= wi if i = j and ei;j ¼ wj þ ci;j= wi otherwise.
Here, wi refers to the budget share of market demand, which is a
weighted average of individual budget shares, with survey weights
and share of the individual demand from overall consumption of
good i used as weights. The expenditure elasticity is given by
gi ¼ 1þ ðdi þ 2/i mÞ= wi, where m refers to weighted mean expen-
diture (with similar weights as above). The uncompensated price
elasticities can be calculated using the Slutsky equation
~ei;j ¼ ei;j  gi wj. Since the elasticities are functions of several esti-
mated parameters, we use both bootstrapping and the delta
method to calculate the standard errors of the elasticities.15Regression results
When estimating the 8  8 demand system, we found that most
of the own-price elasticities seemed fairly reasonable, but therm to have /i expð bj ln pj Þ in lieu of our constant parameters of the quadratic
rm /i in order to satisfy the rank condition for Engel curves that guarantee the
xistence of an underlying well-deﬁned utility function. Our speciﬁcation ignores the
nk condition and can be seen as an approximation on par with the substitution of
rice index ln aðpÞh with the Stone index, see below.
4 The scale assigns a value of 1 to the household head, of 0.5 to each additional
dult member and of 0.3 to each child. Source: http://www.oecd.org/eco/growth/
ECD-Note-EquivalenceScales.pdf.
5 Below, we mainly report bootstrapped standard errors (with 200 repetitions). The
andard errors derived by the delta method are very similar but somewhat smaller.1
te
te
e
ra
p
1
a
O
1
st
Table 2.2
Summary statistics.
Variable Obs Mean Std. dev. Min Max
Exp shares
Bread 17,199 0.030237 0.017703 0 0.102654
Meat 17,199 0.031988 0.021327 0 0.119947
Fish 17,199 0.005565 0.006779 0 0.039823
Fruit and veg 17,199 0.020627 0.014098 0 0.07896
Sugar and sweets 17,199 0.0151 0.011866 0 0.059287
Other 17,199 0.896483 0.047831 0.693137 1
Normalised price indices
Bread 17,199 0.07581 0.022427 0.10487 0
Meat 17,199 0.14139 0.050447 0.22669 0
Fish 17,199 0.06517 0.046452 0.18507 0.041066
Fruit and veg 17,199 0.136174 0.068569 0.04768 0.307861
Sugar and sweets 17,199 0.01707 0.013074 0.03874 0.012589
Log expenditure 17,199 4.865835 0.437425 2.375313 5.968771
Log exp squared 17,199 23.86768 4.235808 5.642111 35.62623
Control variables
Household type 17,199 3.496889 1.614304 1 6
Nr children, age 0–2 17,199 0.082389 0.298877 0 3
Nr of children, age 3–6 17,199 0.293854 0.80392 0 7
Nr of children, age7–12 17,199 0.207628 0.540894 0 6
Nr of children, age 13–16 17,199 0.168149 0.44631 0 5
Nr of children, age 17–24 17,199 0.177569 0.458139 0 4
Place of residency 17,199 2.551718 1.011268 1 4
Education of the reference person 17,199 1.374324 0.632405 1 3
Socioeconomic class 17,199 48.30862 18.87506 10 90
Mean age 17,199 3.059015 1.091177 1 5
Season 17,199 2.547648 1.136736 1 4
Sex of single persons 17,199 0.469679 0.778533 0 2
Note: Summary statistics of the sample for the main model used to estimate elasticities in Tables 2.3–2.6. Household type: 1 = single person, 2 = couple, both under 65 years,
3 = single parent, 4 = couple with children, 5 = couple, both above 65 years, 6 = other; place of residency: 1 = Helsinki area, 2 = other urban area, 3 = rural area, densely
populated, 4 = rural area, sparsely populated; Education of the reference person: 1 = basic, 2 = secondary, 3 = higher education; socioeconomic class: 10 = farmers, 20 = other
entrepreneurs, 30 = upper white-collar workers, 40 = lower white-collar workers, 50 = blue-collar workers, 60 = students, 70 = pensioners, 80 = long-term unemployed,
90 = others, sex of single person: 0 = not a single person, 1 = male, 2 = female.
Table 2.3
Estimated compensated price elasticities for 6 consumption categories.
Bread Meat Fish Fruit and veg Sugar and sweets Others
Bread 0.726 (0.277) 0.319 (0.119) 0.133 (0.083) 0.237 (0.074) 0.283 (0.198) 0.575 (0.319)
Meat 0.309 (0.116) 0.025 (0.117) 0.049 (0.302) 0.302 (0.060) 0.203 (0.087) 0.135 (0.216)
Fish 0.695 (0.430) 0.264 (0.230) 0.932 (0.233) 0.003 (0.166) 0.591 (0.378) 1.297 (0.596)
Fruit and veg 0.346 (0.104) 0.439 (0.087) 0.001 (0.045) 0.426 (0.099) 0.119 (0.083) 0.637 (0.237)
Sugar and sweets 0.542 (0.381) 0.404 (0.174) 0.219 (0.140) 0.163 (0.113) 2.538 (0.557) 2.621 (0.576)
Others 0.017 (0.009) 0.004 (0.007) 0.006 (0.000) 0.013 (0.005) 0.040 (0.009) 0.074 (0.019)
Notes: Bootstrapped standard errors in parentheses.
Table 2.4
Estimated expenditure elasticities.
Bread 0.33765 (0.0356)
Meat 0.3884 (0.04208)
Fish 0.6879 (0.09056)
Fruit and veg 0.5831 (0.03756)
Sugar and sweets 0.32843 (0.04896)
Notes: Bootstrapped standard errors in parentheses.
T. Härkänen et al. / Food Policy 49 (2014) 196–206 199elasticity of demand for fat was very imprecisely estimated and
two own price elasticities (milk and fat) had the wrong sign.16 It
is rather common for price data to include common trends and suffer
from near multicollinearity. Therefore the price parameters tend to
be estimated quite imprecisely in complete systems of demand
equations. However, in our case the most likely reason for these
problematic estimates is associated with the standard practice of
using expenditure data on food categories (e.g. fat) aggregated over
individual food items (e.g. butter, different types of margarine) for
demand estimation. That is, the consumption survey data only mea-
sures expenditure on fat, but it cannot account for the quality change
within fat consumption: many consumers have moved, for example,
from cheap margarine to more expensive varieties with a greater
share of unsaturated fats. This can give rise to biased price estimates.
A similar phenomenon may have taken place in the consumption of
dairy products, where, at this aggregate level, quality improvements16 The results for the 8  8 demand system are omitted here, but are available from
the authors upon request.that are not observable for the econometrician may drive the price
estimates upwards.
For these reasons, we proceed to a smaller, 6  6 demand sys-
tem, where fat and dairy products are allocated to the ﬁnal, ‘other’
category. The estimates of this system are presented in Table 2.3.
Moving the two food categories to the omitted, ‘other’, category
does not greatly affect the elasticity estimates of the remaining
categories. One reason for robustness would be that the conditions
guaranteeing the Hicks’ Aggregation Theorem hold in our estima-
tion period. Since they certainly hold for our tax reforms one
Table 2.5
Estimated uncompensated elasticities.
Bread Meat Fish Fruit and veg Sugar and sweets Others
Bread 0.736 (0.277) 0.309 (0.119) 0.136 (0.083) 0.240 (0.074) 0.287 (0.199) 0.270 (0.328)
Meat 0.297 (0.116) 0.037 (0.117) 0.051 (0.043) 0.311 (0.060) 0.197 (0.088) 0.484 (0.227)
Fish 0.713 (0.430) 0.283 (0.229) 0.935 (0.233) 0.010 (0.166) 0.581 (0.378) 0.672 (0.628)
Fruit and veg 0.330 (0.104) 0.456 (0.087) 0.002 (0.045) 0.437 (0.010) 0.128 (0.083) 0.111 (0.242)
Sweets and sugar 0.552 (0.382) 0.394 (0.174) 0.217 (0.140) 0.170 (0.113) 2.543 (0.557) 2.236 (0.576)
Others 0.0112 (0.009) 0.033 (0.006) 0.002 (0.003) 0.007 (0.005) 0.025 (0.008) 1.035 (0.019)
Notes: Bootstrapped standard errors in parentheses.
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price elasticities that we do not explicitly model for. Hence, we
decided to base the simulations analysis on this reduced modelling
of food demand. While acknowledging these challenges associated
with estimating the demand system, we feel that they do not com-
promise the analysis related to our key point, namely offering an
illustration of how uncertainties regarding demand changes and
health effects can be combined to form a comprehensive analysis
of the health effects of food taxation.
The expenditure elasticities, expressed in Table 2.4, are very
reasonable. All the food items appear to be necessities, with ﬁsh
products having the greatest expenditure elasticity. Finally, the
uncompensated price elasticities, which will be the basis for our
simulation analysis, are presented in Table 2.5. These are very close
to the compensated elasticities, since the expenditure elasticities
that are added to the compensated elasticities to obtain the
uncompensated elasticities are multiplied with the expendi-
ture shares (see Section ‘Regression analysis’); and as they are
measured out of overall outlays, they are small for single food
categories. With the exception of meat products, all the estimated
own-price elasticities are negative and statistically signiﬁcant. Fish
products and sugar and sweets, especially, appear to be quite
price-elastic. This suggests that tax reforms targeted to affect the
consumption of these items have potentially large effects on con-
sumption patterns. Many of the cross-price elasticities are, as we
expected, statistically insigniﬁcant.
We have also examined the robustness of this own price elastic-
ity by estimating single-equation models for sugar demand (both
with and without instrumenting for total expenditure), where
the cross-equations restrictions are not present and cannot drive
the results, and by estimating the system by seemingly unrelated
regressions. All these different modelling techniques yield quanti-
tatively large and statistically signiﬁcant own-price elasticities for
sugary products in our model.17
A common problem with survey based consumption data con-
cerns zero observations (Deaton and Irish, 1984). A zero does not
necessarily imply that the household does not consume the food
category in question. The bias of a simple OLS relative to the Tobit
method is dependent on the number of zero observations. In the
ﬁsh category about a quarter of observations (4300 in total) are
zero, but in other categories the corresponding numbers of zero
observations are low (between 100 and 900 observations). There-
fore we examined the robustness of the own price elasticity of ﬁsh
by estimating a single-equation model for ﬁsh demand by an
instrumental variables version of the Tobit model.18 The estimated
uncompensated own price elasticity drops from 0.935 in Table 2.5
to 0.823 with the change well within the conﬁdence interval of the17 The standard errors rise if year dummies are added, and controlling for year and
year * socioeconomic class or year * age interactions will raise the estimated own
price elasticity of sugar by 0.4% points whereas including a linear time trend lowers it
by 0.2% points.
18 An alternative, the infrequency of purchase model by Keen (1986) has been
developed to address the mismatch between the diary-keeping period and shopping
frequency.corresponding system estimate. However, with no symmetry
imposed on the price parameters the cross price elasticities become
rather unstable in the Tobit model.
Finally, it is of interest to examine whether the elasticities differ
with respect to the households’ socioeconomic backgrounds. To
study this possibility, we estimated the system separately for three
different income classes, where the division has been made on the
basis of household disposable income (where household income is
adjusted to take into account household size using the so-called
modiﬁed OECD equivalence scales). The estimated own-price elas-
ticities from these models are presented in Table 2.6. They convey
the plausible message that demand for many food categories
appears to be more price-elastic among low-income households.
This holds for example for ﬁsh, but most notably for sugary prod-
ucts. Some of the health effects simulations below will be based on
these income-dependent elasticities.
One ﬁnal note on the estimation results is in order: Our method
of calculating elasticities, which is standard in the literature, is
based on observing the value of food purchases, not actual physical
quantities consumed. Quality changes may therefore affect the
estimation results, as discussed above. The direction of the possible
bias is, however, not clear a priori: quality increases that lead to
both increased demand and a higher price would cause an upward
bias (towards zero) on the estimates. On the other hand, if consum-
ers respond to a price increase by substituting towards cheaper,
lower quality varieties within the same food category, this would
cause a downward bias (away from zero) on the estimates. In
our case, this latter type of bias is however countered by the fact
that we consider a unit tax on sugar: the tax burden is relatively
heavier on cheap foods, and if any substitution occurs within food
categories, this should therefore be away from cheap varieties.
The tax reforms
As mentioned in the introduction, we analyse the following tax
reforms:
 Sugar tax: a tax of one euro per kilogram of added sugar applied
to each food category based on its sugar content.
 Cut in VAT: abolition of the current VAT on fresh fruit, vegetables
and ﬁsh.
 Combined reform: both of the reforms above.
A one € tax per added kilogram of sugar would raise the con-
sumer price of the foods in the sugar and sweets category by
9.2% and the price of the foods in the bread category by 1.7% (since
this category includes sweet pastry). This can be calculated, as we
have information about both the purchases in euros and the pur-
chased quantities for the latest consumption survey, 2006, as well
as about the average nutrition content of the food categories listed
in the consumption survey.19 The current VAT on all foodstuffs was9 This also means that the nutrient content within each food category is implicitly
ssumed to be same for each household type.1
a
Table 2.6
Estimated uncompensated own-price elasticities for different income levels.
Bread Meat Fish Fruit and veg Sugar and sweets Others
Low income (N = 5139) 0.54 (0.63) 0.26 (0.33) 1.00 (0.53) 0.57 (0.23) 3.05 (1.25) 1.06 (0.06)
Middle income (N = 6142) 0.52 (0.67) 0.06 (0.28) 0.91 (0.43) 0.35 (0.28) 2.59 (1.04) 0.95 (0.08)
High income (N = 5912) 0.60 (0.63) 0.72 (0.34) 0.72 (0.46) 0.53 (0.18) 1.90 (1.27) 1.04 (0.03)
Notes: Bootstrapped standard errors in parentheses.
Table 3.1
The impact of the tax reforms on demand: relative changes.
Change Std error
Sugar tax
Bread 0.0377* 0.0177
Meat 0.0224* 0.0086
Fish 0.0392 0.0344
Fruit and veg 0.0057 0.0077
Sugar and sweets 0.2331* 0.0469
VAT cut
Bread 0.0128 0.0130
Meat 0.0442* 0.0100
Fish 0.1155* 0.0344
Fruit and veg 0.0537* 0.0131
Sugar and sweets 0.0057 0.0202
Both reforms
Bread 0.0505* 0.0229
*
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sumer price of fruit, vegetables and ﬁsh. In the above calculations,
we have assumed for convenience that the tax changes are fully
passed on to prices.20
A conventional analysis of distributional effects (that does not
consider behavioural effects) of these taxes conﬁrms our intuition
that those households with a lower educational background and/or
a lower income level beneﬁt relatively less ﬁnancially from tax cuts
on healthy food. Thus, health-motivated food tax reforms appear to
be mildly regressive if one only considers the monetary incidence
(not the health beneﬁts) of the taxes.
The impact of the tax changes on food consumption can be cal-
culated by multiplying the matrix of uncompensated demand elas-
ticities (Table 2.5) with a vector containing the percentage changes
in consumer prices. These demand changes h are reported in
Table 3.1.Meat 0.0666 0.0131
Fish 0.1547* 0.0502
Fruit and veg 0.0480* 0.0144
Sugar and sweets 0.2389* 0.0537
Notes: Standard errors calculated using the delta method.
* Signiﬁcance at 5% level.Calculating the health effects of the tax reforms
Methods
The health beneﬁt calculations are based on nutrition-epidemi-
ological meta-analyses on the linkages between the nutrition con-
tent of different foods, energy intake, weight gain, and the
incidence of two overweight-related illnesses, T2D and CHD. We
consider both changes in illness incidence that stem from weight
changes, as well as effects that stem from changes in nutritional
intake (holding weight constant).
We utilise detailed data on the nutrient intake of Finnish indi-
viduals, derived from the Health 2000 Survey (http://www.
terveys2000.ﬁ/indexe.html) of the National Institute of Health
and Welfare.21 The survey was a representative survey of 10,000
individuals with information on different aspects of health (includ-
ing their body mass index, BMI) and detailed information on their
eating habits. The data on eating habits are then combined with
information on the average nutrition content of different foods, also
based on data at the National Institute for Health and Welfare (Food
Composition Database FineliR, http://www.ﬁneli.ﬁ).
In more detail, the procedure that we use to calculate the health
effects is the following. First, the food frequency questionnaires of
the Health 2000 survey and the corresponding average portion
sizes yield information on the food intake vector Zi as grams per
day at the individual level. We calculate the changes in food intake
hTZi, using the relative demand changes reported in Table 3.1. The
average changes in energy intake hTðE ZiÞ, where operator 
denotes element wise multiplication of vectors, are then calculated
using the average energy contents E (in kcal) of different types of
food.
Second, the effect of changes in energy intake on body weight
was estimated in Dall et al. (2009). During a long follow-up, a daily20 In the vast majority of this literature full pass-through is assumed. An exception is
Grifﬁth et al. (2010), who account for producer reactions to tax changes. In their
empirical application, there is either less than or more than full pass-through of tax
changes onto prices, depending on the product.
21 For a description of data protection and ethical issues associated with the survey
see Heistaro (2008, p. 158).,reduction of 20 kcal for men and 12 kcal for women, DGenderi , was
associated with a one kilogram reduction in body weight. The
new weight WNi and the corresponding new BMI
N
i :¼WNi =L2i (using
height Li in metres) are then calculated based on the old weightW
O
i
and the estimated change in weight hTðE ZiÞ=DGender . Note that the
reduction in weight is asymptotic, because as the weight
decreases, energy consumption also decreases and thus the speed
of weight loss slows down.
Third, higher body weight is associated with increased inci-
dence of type 2 diabetes and coronary heart disease: for diabetes,
the risk ratio (RR) of an obese person (BMI > 30) compared with
a person with normal weight is 7.2 (Abdullah et al., 2010). For cor-
onary heart disease, the RR is 1.8 (Bogers et al., 2007). As the risk
ratios in the studies that we have used were reported for a categor-
ical BMI classiﬁcation with S = 4 categories based on the threshold
values 25, 30 and 35, we calculate the old (O) and new (N) preva-
lence ﬁgures, pOs and p
N
s , of each BMI category s = 1, . . ., S before and
after a particular tax reform.
The effects of the change in the distribution of BMI are assessed
using the population attributable risk (PAR) statistic. The PAR com-
bines the individual-level hazardousness of the risk factor, given by
the risk ratio, and the population-level prevalence of the risk fac-
tor. We apply a version of the PAR developed for a comparison of
two different populations (Spiegelman et al., 2007; Laaksonen,
2005); in our case the populations before and after the reform:
PAR2C ¼
PS
s¼1p
O
s RRs 
PS
s¼1p
N
s RRsPS
s¼1pOs RRs
ð1Þ
The PAR2C demonstrates the potential change in disease inci-
dence, if the distribution of the risk factor was transformed from
pOs to p
N
s , s = 1, . . ., S, and individuals moving from a high risk (high
BMI) category to a low risk (low BMI) category would become sim-
ilar to individuals who are already in the low risk category. There is
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interpretation is ‘if the risk factor could be eliminated or its prev-
alence could be reduced in the population, x% of the disease inci-
dence could be prevented.’ In observational studies, latent
confounders or long-term effects of the risk factors can compro-
mise this interpretation. In the long run, a tax reform could also
prevent people from getting overweight or obese, and this could
be an important factor in reducing T2D or CHD incidence. There-
fore the causal interpretation is more likely to hold in the long-run.
A key contribution of our paper is to fully account for the uncer-
tainty involved in all stages of the analysis, and combine these to
obtain conﬁdence intervals for the overall health effects that we
report below. There are several sources of uncertainty in the esti-
mates, which generally have not been combined in previous stud-
ies.22 We account for the three sources of uncertainty present in our
estimates of the health effects of food tax reform. First, the uncer-
tainty involved in the demand system estimation is embodied in
the estimated covariance matrix of the demand changes reported
in Table 3.1. Second, the estimated covariance matrices of the RR
estimates, which we obtained from the literature (for T2D from
Abdullah et al. (2010) and for CHD from Bogers et al. (2007)), reﬂect
the uncertainty in the association between overweight, and the
health outcomes T2D and CHD. Third, the estimated BMI distribu-
tions are based on the Health 2000 survey, which involved a com-
plex sampling design (Laiho et al., 2008), and are subject to
sampling uncertainty.23
More formally, we seek to estimate VarðdPAR2CÞ instead of more
common conditional variance estimates such as VarðdPAR2C jh^Þ,
VarðdPAR2C jðZiÞiÞ or VarðdPAR2cjðcRRsÞsÞ, in which either the changes
in demand, the food consumption distribution based on the ran-
dom sample of the Health 2000 survey, or the risk ratio estimates
are assumed to be ﬁxed constants h^, (Zi)i or ðcRRsÞs, respectively.
Such conditional variance estimates are likely to be smaller than
the unconditional variance, and would thus underestimate the
uncertainty. We account for these sources of uncertainty using
the one-stage parametric bootstrap method described by Ogden
and Tarpey (2006), which can handle the externally estimated
parameters h^ and ðcRRsÞs. The nonparametric bootstrap method is
applied in order to account for the uncertainty involved in the sam-
pling of the Health 2000 survey data on food consumption (Zi)i.24
The procedure for obtaining the standard errors for the health effect
estimates is described in more detail in an appendix.
When calculating the standard errors for the health effect esti-
mates, we also demonstrate the implications of not taking into
account all the three sources of uncertainty mentioned above:
we leave one or two of them out at a time by using the correspond-
ing point estimates instead of the bootstrapped value, and subse-
quently calculate the conﬁdence intervals using a similar
procedure as above; the alterations to the procedure in each case
are described in the appendix.
In addition to considering the effects of changes in BMI on dis-
ease incidence, we also take into account the direct impact of the
nutritional content of food consumption on the incidence of CHD.
These effects materialise even if body weight remains unchanged.
Several cohort studies have found a protective effect of ﬁsh con-
sumption on CHD mortality, and a protective effect has also been
found in large random controlled trials (RCTs) (Burr et al., 1989;22 In addition to the previous literature on health-based food taxation that we cite in
the introduction, papers in the epidemiological literature, e.g. He et al. (2001) and
Schnohr et al. (2002), appear to have incorporated only the variances of the RR
estimates and to have ignored the uncertainty in the prevalence estimates in
estimating the PAR.
23 The effects of missing data and the oversampling of people aged 80 or over were
accounted for using post-stratiﬁcation weights (Djerf et al., 2008).
24 The complex sampling design is accounted for in the bootstrap algorithm (Korn
and Graubard, 1999).GISSI-Prevenzione Investigators, 1999). On the basis of a meta-
analysis of cohort studies and RCTs by Mozaffarian and Rimm
(2006), the intake of ﬁsh fat is associated with a reduced risk of
death due to CHD: eating on average 29 g of salmon or other fatty
ﬁsh or 48 g of less fatty ﬁsh per day, from which one obtains
250 mg of EPA and DHA fatty acids per day, reduces the risk of cor-
onary death by 36% compared with individuals reporting little or
no ﬁsh consumption. On the other hand, a daily intake of ﬁsh fats
exceeding this level is not associated with any additional reduction
in risk.
Similar positive effects can also arise from a larger intake of
fruit and vegetables. According to a meta-analysis of cohort studies
by Dauchet et al. (2006), one additional portion (106 g) of vegeta-
bles and fruit reduces the risk of cardiovascular mortality by 26%,
and the risk of CHD by 4% (fruit and vegetable intake) and 7% (fruit
intake). Again, we use the corresponding coefﬁcients of CHD inci-
dence together with the estimated demand changes to obtain esti-
mates of the health effects of the tax reforms that we consider.25
Results regarding a tax on sugar
We ﬁrst consider the impacts of the sugar tax on body weight,
the incidence of T2D and CHD. There are large movements towards
lower BMI classes as a response to the sugar tax (Table 4.1).
The average reduction in body weight is 3.2 kg (Table 4.2). The
effects appear larger for females than males. Further, if income-
class dependent elasticities are used, the weight loss is higher for
individuals in low-income households than for those living in
households with a higher disposable income. As individuals with
lower incomes respond more to changes in prices, the health ben-
eﬁts of a sugar tax are greatest for them. However, the income-
dependent elasticities are rather imprecisely estimated (Table 2.6)
and the results based on these should be regarded with some cau-
tion. Indeed, when income-speciﬁc elasticities are used, the reduc-
tion in body weight appears to be signiﬁcant only for low-income
individuals.
Our results regarding weight changes appear fairly large rela-
tive to earlier studies. For example, Dharmasena and Capps
(2012) report a weight reduction of 0.7–1.1 kg due to a 20% tax
on sugar-sweetened beverages using US data, whereas Briggs
et al. (2013) predict that a similar tax in the UK would reduce
the share of obese persons (BMI over 30) by 1.4 percentage points.
A direct comparison of the results is not straightforward due to the
different magnitude and breadth of the tax changes considered.
One reason why we obtain relatively high estimates for the weight
change is that we consider taxing all sugar content instead of a tax
on a narrowly deﬁned food category such as sugar-sweetened
beverages. Another factor contributing to our results are the under-
lying estimates of changes in demand.
Since T2D is strongly associated with weight change, the esti-
mated weight reductions can lead to sizable reductions in diabetes
incidence (Table 4.3). The point estimate of the reduction on
incidence is 13.4%, and again, in line with the pattern on weight
reductions, the effects are larger for females and those with a
low-income background.26 Since the CHD risk ratios increase less
rapidly with body weight, the associated reduction in CHD incidence
is smaller (3.0% on average, see Table 4.4).25 The evidence on the protective effect of vegetables and fruits on CHD mortality is
based almost solely on cohort studies, even though a few RCTs have also been
conducted to conﬁrm the causal role of fruits and vegetables in the prevention of CHD
(Boeing et al., 2012; Dauchet et al., 2009).
26 Notice that the calculations are based on average elasticities for different sexes
and educational groups. Differences across these groups, therefore, only arise from
differences in eating habits. However, income-dependent elasticities are used for the
breakdown of health effects according to household income. The corresponding
estimates reﬂect both different price elasticities and differences in eating habits.
Table 4.1
Change in the BMI distribution (%) as a result of the sugar tax.
BMI < 25 25 < BMI < 30 30 < BMI < 35 BMI > 35 Distribution in 2000
BMI < 25 40.7 0 0 0 40.7
25 < BMI < 30 10.1 28.4 0 0 38.5
30 < BMI < 35 0 4.8 11.0 0 15.8
BMI > 35 0 0 1.2 3.7 4.9
Distribution after intervention 50.8 33.2 12.2 3.7 100.0
Notes: The column on the right-hand side gives the observed distribution of BMI cases in the absence of the intervention, the bottom row the simulated distribution after the
intervention. The other off-diagonal entries show the changes in the BMI distribution after the intervention.
Table 4.2
Change in body weight (kgs) as a result of the sugar tax.
All 3.19 (4.89, 1.44)
By sex 2.54 (3.89, 1.13) (males) 3.79 (5.81, 1.73) (females)
By education 3.02 (4.73, 1.30) (basic education) 3.17 (4.87, 1.40) (secondary) 3.44 (5.20, 1.63) (tertiary)
By household income 5.41 (8.59, 2.53) (low income) 0.78 (3.7, 2.11) (middle income) 2.63 (5.4, 0.28) (high income)
Notes: The calculations are based on average elasticities for different sexes and educational groups and on income-dependent elasticities for households at different income
levels.
Table 4.3
Change (negative PAR2C, %) in the incidence of T2D as a result of the sugar tax.
All 13.4 (6.3, 19.9)
By sex 10.8 (5.2, 15.7) (males) 15.9 (7.1, 23.6) (females)
By education 12.5 (5.5, 19.0) (basic education) 13.8 (6.7, 20.0) (secondary) 14.4 (7.2, 21.3) (tertiary)
By household income 20.8 (10.3, 30.5) (low income) 3.2 (9.6, 16.0) (middle income) 11.8 (2.3, 22.6) (high income)
Notes: The calculations are based on average elasticities for different sexes and educational groups and on income-dependent elasticities for households at different income
levels.
Table 4.4
Change (negative PAR2C, %) in the incidence of coronary heart disease as a result of the sugar tax.
All 3 (1.4, 4.8)
By sex 2.3 (1.1, 3.7) (males) 3.7 (1.6, 5.8) (females)
By education 3.2 (1.3, 5.2) (basic education) 3.1 (1.5, 4.7) (secondary) 2.8 (1.4, 4.3) (tertiary)
By household income 4.9 (2.0, 7.4) (low income) 0.7 (1.9, 3.7) (middle income) 2.5 (0.6, 5.2) (high income)
Notes: The calculations are based on average elasticities for different sexes and educational groups and on income-dependent elasticities for households at different income
levels.
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Consider next the impacts of VAT cuts on CHD. There are poten-
tially two conﬂicting effects: on the one hand, increased consump-
tion of ﬁsh, fruit and vegetables tends to increase body weight.
Since most of the cross-price elasticities in our analysis were not
signiﬁcant and some are close to zero in any case, our results indi-
cate that people would not reduce the consumption of other types
of food to meet their increase in the consumption of ﬁsh, fruit and
vegetables.27 Using the same procedure as in the case of the sugar
tax, VAT cuts would lead to a 0.9% increase in the incidence of
CHD via weight gain, but this increase is not signiﬁcant (95% CI
0.8, 2.8).
On the other hand, the beneﬁcial nutrition content of ﬁsh, fruit
and vegetables helps to prevent deaths resulting from CHD. In the
Health 2000 survey, the average daily intake of ﬁsh was 36.7 g. If
one only takes into account those individuals whose initial intake
of EPA + DHA fatty acids is less than 250 mg per day (as an intake
greater than that is not likely to yield additional health beneﬁts
(Mozaffarian and Rimm, 2006)), one ﬁnds that their intake of these27 It may be the case that the aggregate reactions hide simultaneous quality changes
(e.g. if ﬁsh becomes cheaper, people may respond by buying more expensive and
perhaps more healthy types of meat, thereby not reducing the overall amount of
money allocated to meat).nutrients would increase on average by 10 mg a day. Such an
increase would help to avoid 1.8% (95% CI 0.6–3.1) of coronary
deaths, based on the results of Mozaffarian and Rimm (2006).
The health beneﬁts of VAT cuts also apply to fruit and vegetables:
as a response to the VAT cut that we have considered, people
would start to consume 0.2 additional portions of these food items,
thereby reducing the risk of cardiovascular mortality by 4.4% (95%
CI 2.2–6.7) and the risk of CHD by approximately 0.9% (95% CI 0.2–
1.7) on the basis of the results of Dauchet et al. (2006).
To conclude, the changes in food consumption caused by the
VAT cuts that we have considered appear to have direct beneﬁcial
effects for health, measured in terms of CHD incidence, early
deaths and cardiovascular mortality. The indirect health effects of
the reform through weight increases, on the other hand, were
found to be insigniﬁcant.
Consider ﬁnally the combined reform of a sugar tax plus VAT
reductions. Such a tax reform leads to decreased body weight
(average change 2.34 kg with 95% conﬁdence interval from
4.78 to 0.26) and to an associated reduction in diabetes 2 inci-
dence of 9.7% (CI 0.8, 18.7). In comparison to merely imposing a
sugar tax, a combined tax reform including VAT cuts on fruit, veg-
etables and ﬁsh leads, therefore, to smaller reductions in the inci-
dence of diabetes. But it also brings about the beneﬁcial direct
impacts via an increased intake of healthy nutrients in ﬁsh, fruit
and vegetables, leading to reductions in mortality due to CHD.
Table 4.5
Effect of different sources of uncertainty on the conﬁdence intervals of the estimated
effect of the sugar tax on T2D incidence.
Health 2000 RR DC Point estimate 13.4
Yes No No (14.1, 12.6)
No Yes No (14.6, 12.2)
Yes Yes No (14.6, 12.0)
No No Yes (19.3, 6.4)
Yes No Yes (19.5, 6.4)
No Yes Yes (19.4, 6.34)
Yes Yes Yes (19.4, 6.24)
Notes: Change (negative PAR2C, %) in the incidence of T2D as a result of the sugar tax,
and the corresponding conﬁdence intervals based on different sources of uncer-
tainty in parentheses. The uncertainty in the estimated the prevalence, the change
in demand (DC), and the relative risks (RR) of T2D are accounted for, if the corre-
sponding columns ‘Health 2000’, RC, and RR contain ‘Yes’, otherwise not.
28 See the discussion on p. 10. However, with unit value data there would on the
other hand be an additional need to separate out the effects of measurement error
from genuine price variation (Deaton, 1987).
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Finally, we demonstrate the implications of not taking into
account all the three sources of uncertainty mentioned above, by
leaving out one or two of them at a time. We only report the results
for the effects of the sugar tax on the incidence of T2D for the
whole sample (Table 4.5). The results were qualitatively similar
when considering the subgroups deﬁned by gender, education
and income, as well as for other health outcomes (body weight,
CHD incidence).
Table 4.5 indicates that accounting for the uncertainty in the
estimated change in demand had the largest effect on the conﬁ-
dence intervals of the estimated health effects, compared to the
other sources of uncertainty: the ﬁnal conﬁdence intervals were
considerably wider when the uncertainty in the estimated changes
in demand (DC) was accounted for, than when it was ignored. The
width of the T2D full sample conﬁdence interval without account-
ing for the uncertainty in the demand estimation was between 1.5
and 2.6 percentage points, whereas accounting for the uncertainty
in the demand changes increased the width of the conﬁdence
interval to between 12.9 and 13.2.
While in our case leaving out one or more sources of uncer-
tainty turns out not to affect our conclusions on the signiﬁcance
of the ﬁnal health effects – this happens since the effects that we
obtain are statistically signiﬁcant even when we take into account
all three sources of uncertainty – it is of course clear that in gen-
eral, ignoring some key sources of uncertainty can lead to false,
usually too strong, conclusions and too narrow conﬁdence inter-
vals. A possible extension of this analysis would be to conduct it
by income groups, thus revealing which sources of uncertainty
matter most for a particular income group.
Conclusion
We examined the potential health impacts of health-based food
taxation in Finland by, ﬁrst, estimating a complete demand system
for different types of food, then using the demand system to sim-
ulate the impacts of a tax increase on sugary products and a tax
reduction on fresh ﬁsh, fruit and vegetables on food demand, and
ﬁnally by assessing the effect of these demand changes on energy
and nutrient intake. A key contribution of the paper is to combine
the estimation of a complete demand system with a simulation of
the health effects of tax reforms, and to demonstrate how the
uncertainty involved in each stage of the analysis can be taken into
account to obtain conﬁdence intervals for the ﬁnal health effects.
This distinguishes the present paper from earlier literature on
the health effects of food taxation that has only reported point esti-
mates of the health effects.The results indicate that the demand for sugar and sweets
appears to be quite price elastic, and a sugar tax of 1 €/kg has a siz-
able effect on the incidence of obesity and overweight: the sugar
tax causes on average, an approximately 13% reduction in the inci-
dence of T2D and a smaller reduction in the incidence of CHD.
Reduced VAT rates for fresh ﬁsh, fruit and vegetables have a small
positive health effect by reducing the incidence of CHD and cardio-
vascular mortality. All these effects are also statistically signiﬁcant.
Further, we ﬁnd some evidence that the health effects are most
pronounced for low-income individuals, and the reforms may
therefore reduce health inequality.
We would like to stress that the exact magnitude of the health
effects needs to be taken cautiously, because of the substantial
uncertainty the estimates involve. The uncertainty in the estimated
change in demand had the largest effect on the conﬁdence inter-
vals of the estimated health effects, compared to the other sources
of uncertainty. Furthermore, there is a common caveat associated
with the standard type of commodity demand analysis that we
use: this type of analysis utilises data where outlays are observed
but unit prices are not. The analysis thus cannot account for poten-
tial changes in the quality of food consumption, which can affect
the estimates.28 Nevertheless, it is important to note that the health
effects of smaller sugar consumption are so substantial that even a
much smaller elasticity for consumption of sugary products would
still be very likely to generate sizable health beneﬁts.
These ﬁndings suggest that society could achieve signiﬁcant
savings in health care costs if the sugar tax was introduced. The
current excess costs of treating diabetes in Finland amount to
800 million euros annually or 2800 euros per patient with diabetes
(Jarvala et al., 2010); and a 13% reduction in diabetes incidence
could lead to cost savings of the order of 100 million euros annu-
ally. Needless to say, this ﬁgure does not involve any valuation
for the changes in the loss of or quality of life if diabetes cases
are prevented. Further, a tax on sugar is a prevention mechanism
that affects the total population simultaneously, and it is therefore
likely to be a very powerful policy tool in comparison to individual
health-counselling policies.
A major part of the motivation behind our paper lies in the
behavioural justiﬁcation for heavy taxation of ‘‘sin goods’’ such
as unhealthy food. From the point of view of the behavioural justi-
ﬁcation, the concentration of the health beneﬁts of our tax reforms
among low-income individuals is of importance for two reasons.
First, the literature on behavioural economics has raised some con-
cerns that while sin taxes are beneﬁcial in preventing normal-
weight individuals from getting overweight or obese, (and possibly
also for individuals who suffer from weight problems), they cause
distortions for those individuals who do not suffer from such prob-
lems. The overall desirability of sin taxes hinges on the balance of
these beneﬁts and distortions. Our results suggest that the demand
responses and the resulting health effects of the reforms that we
have studied are strongest for the group that has the most severe
health problems to start with. Secondly, this ﬁnding is signiﬁcant
from the point of view of the behavioural modiﬁcation of tradi-
tional incidence analysis: even though the burden of taxation of
unhealthy food is in percentage terms heaviest for low income
individuals, the health effects are likely to be most positive for
them, which counteracts the traditional regressivity argument
against sin taxes – overall, taking into account not only the mone-
tary but also the health effects of taxation, sin taxes may lead to a
more equal distribution of welfare.
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Academy of Finland.Appendix A. The method for calculating the conﬁdence
intervals of the health effects
1. Set the number of bootstrap samples to 400.
2. For each bootstrap sample, log (RR) is generated from the
multinormal distribution deﬁned by the point estimates
and standard errors obtained from the literature following
the parametric bootstrap method.
3. Relative demand changes corresponding to each particular
tax reform are generated from the multinormal distribution
using the point estimates (Table 3.1) and estimated covari-
ance matrix following the parametric bootstrap method.
4. A bootstrap sample is generated from the Health 2000 Sur-
vey data by sampling primary sampling units (PSUs), which
were individuals in the 15 largest Finnish towns and health
centre districts in the remaining part of continental Finland.
5. When demonstrating the effects of ignoring some of the
sources of uncertainty in steps 2, 3 or 4, the corresponding
bootstrapped value is replaced by the original point estimate
(steps 2 and 3), or (step 4) by using the original Health 2000
data.
6. The BMI prevalence estimates for pOs are calculated based on
the bootstrapped data and the post-stratiﬁcation weights.
7. The individual weight and BMI changes are then calculated
as described in the text, using the relative demand changes
(step 3). The new BMI prevalence estimates pNs are calculated
based on the new BMI values.
8. The PAR estimate is then calculated according to Eq. (1),
using the RR, pOs and p
N
s , values obtained in steps 2, 6 and 7.
9. Steps 2–8 are then repeated 400 times, and the procedure
yields 400 point estimates of PAR and average weight
changes.
10. The point estimates, which we report, are the point esti-
mates obtained using the original Health 2000 Survey data,
and point estimates of RR and relative changes without
bootstrapping. The 95% conﬁdence intervals (CI) are based
on the 2.5% and 97.5% quantile points of the 400 point esti-
mates obtained using the bootstrap.
Note that this procedure has similarities with the Bayesian pre-
dictive distribution (Gelman et al., 1995). Let the prior distribu-
tions of h and (RRs)s be normal distributions h  Nðh^;Varðh^ÞÞ and
ðRRsÞ  NððcRRsÞ;VarððcRRsÞÞÞ, respectively, and the sampling distri-
bution of the food consumption p(Zi), which is approximated using
the nonparametric bootstrap method. Then the predictive distribu-
tion of the PAR2C, which is the function of h, (Zi)i and (RRs)s, and
deﬁned in Eq. (1), is
FPAR2C ðxÞ ¼
ZZZ
1PAR2C<x pðhÞpðRRsÞpðZiÞdhdðRRsÞdðZiÞ;
where 1 is the indicator function.References
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